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Abstract

Time-series forecasting is an important research area in computer science and has been widely applied to
complex prediction tasks. Olympic medal prediction is a typical multivariate time-series forecasting problem
that supports national sports planning and resource allocation. However, existing methods often struggle to
capture nonlinear temporal patterns and long-range dependencies, particularly when historical data are limited.
To address these challenges, this study proposes Attention Gated Bidirectional Long Short-Term Memory
(AG-BiLSTM), a hybrid deep learning framework that integrates a Bidirectional Long Short-Term Memory
(BiLSTM) network, a multi-head self-attention mechanism, and a gated fusion module. BiLSTM is employed
to learn bidirectional temporal dependencies from historical Olympic data, while the attention mechanism
identifies critical time steps. The gated fusion module further enhances prediction performance by adaptively
weighting heterogeneous features. In addition, a country-level temporal splitting strategy is adopted to improve
model generalization across countries with different data distributions. Experiments on a self-constructed
dataset covering 19 countries demonstrate that AG-BiLSTM achieves an average Root Mean Square Error
(RMSE) of 3.74 and consistently outperforms ARIMA, XGBoost, LSTM, BiLSTM, Transformer, and
iTransformer models. The proposed model shows superior predictive accuracy across gold, silver, and bronze
medal forecasting tasks, with particularly strong performance in gold medal prediction. These results indicate
that AG-BiLSTM is an effective and robust approach for Olympic medal prediction under small-sample
conditions.
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1. Introduction

Forecasting time-series data stands as a key research direction in computer science [1], with wide
applications in finance [2], transportation [3], energy systems, and sports analytics. In recent years, sports
performance prediction has attracted increasing attention due to the growing availability of historical
competition data and the need for quantitative decision support in sports management. Among these tasks,
Olympic medal prediction is a representative and challenging problem, as it involves complex temporal
dependencies and is influenced by multiple socio-economic and sporting factors across different countries and
Olympic cycles [4].
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Early forecasting studies primarily relied on statistical models such as Autoregressive Integrated Moving
Average (ARIMA), which model temporal correlations through linear autoregressive and moving-average
component [5]. Although effective for stationary sequences, these models have limited capability in capturing
nonlinear relationships commonly observed in real-world data. To address this issue, machine learning
methods including decision trees, random forests, and gradient boosting algorithms have been introduced into
prediction tasks [6]. In particular, Extreme Gradient Boosting (XGBoost) has demonstrated strong predictive
performance by combining multiple weak learners and automatically identifying important features [7].
However, such approaches generally treat temporal observations as independent samples and may fail to model
long-range sequential dependencies.

The emergence of deep learning has significantly advanced time-series forecasting research. Recurrent Neural
Networks (RNNs) [8] and Long Short-Term Memory (LSTM) networks [9] were proposed to capture temporal
patterns and long-term dependencies in sequential data. Subsequently, Bidirectional Long Short-Term Memory
(BiLSTM) networks improved feature extraction by simultaneously learning forward and backward temporal
information [10]. Nevertheless, recurrent architectures often encounter difficulties in identifying the most
influential time steps and may exhibit degraded performance when dealing with long sequences.

To further enhance sequence modeling capability, attention mechanisms [11] and Transformer-based
architectures have attracted increasing research interest. The Transformer architecture replaces recurrent
operations with self-attention mechanisms, enabling global dependency modeling and efficient parallel
computation [ 12]. Building upon this framework, numerous variants have been proposed for multivariate time-
series forecasting, including Informer, Autoformer [13], and Improved Transformer (iTransformer). Although
these models achieve promising results on large-scale datasets, they typically require abundant training
samples and may suffer from instability or overfitting when applied to small-sample forecasting scenarios.

Despite substantial progress in forecasting research, several challenges remain in Olympic medal prediction [14].
First, medal sequences exhibit strong nonlinear fluctuations influenced by economic conditions, host-country effects,
and sports development policies, making accurate temporal modeling difficult. Second, the importance of different
features varies considerably across countries and Olympic cycles, while many existing methods lack adaptive
feature weighting mechanisms. Third, critical Olympic years often have disproportionate impacts on future medal
performance, yet conventional forecasting models may fail to adequately emphasize these key time steps. Finally,
most existing studies adopt global temporal splitting strategies, which can introduce evaluation bias for countries
with limited historical records and reduce model generalization capability.

To address these limitations, this study proposes AG-BiLSTM, a hybrid deep learning framework that
integrates BILSTM, multi-head self-attention, and gated feature fusion. The proposed model utilizes BILSTM
to capture bidirectional temporal dependencies, employs multi-head self-attention to identify influential
Olympic cycles, and introduces a gated fusion mechanism to adaptively learn feature importance. Furthermore,
a country-level temporal splitting strategy is designed to ensure a fairer evaluation process across countries
with different data densities.

The major contributions of this work are summarized as follows:

(1) A novel AG-BiLSTM architecture is proposed by integrating BILSTM, multi-head self-attention, and
gated feature fusion, enabling simultaneous modeling of temporal dependencies and adaptive feature
importance.

(2) A country-level independent temporal splitting strategy is introduced to alleviate evaluation bias caused
by imbalanced historical records and improve model generalization.

(3) Extensive experiments on a self-constructed Olympic medal dataset demonstrate that the proposed
model consistently outperforms representative statistical, machine learning, and deep learning baselines in
gold, silver, and bronze medal prediction tasks.

2. Methods

This paper presents the AG-BiLSTM model for Olympic medal prediction. The proposed architecture
combines a bidirectional LSTM for modeling temporal dependencies, a multi-head self-attention mechanism
to weigh the importance of different cycles, and a gated fusion module that adaptively selects relevant features.
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Given a country ¢ and Olympic cycle t, the input feature vector is defined as

x¢ = [GDPf, hostf, eventsf, athletest, gf_q, sf_1, bf_1]"

(1

Here, GD Pf denotes the normalized GDP feature, host{ denotes host status, eventsf denotes the number of
events, athletesf denotes the number of key athletes, and g, s, and bdenote historical medal counts. For a
historical window of length T, the input sequence is

c — Cc
X = [Xtor41) -

., x¢] € RTx4

2)

where dis the feature dimension. For mini-batch training, the model input is X € REXT*4 where Bis the
batch size. The prediction target is

yi = [gf,sf, bf]T

The learning objective is to estimate a nonlinear mapping

Vi = fo(X9)

3)

4)

where fgdenotes AG-BiLSTM with learnable parameters 6. The input tensor is first sent to the BILSTM

module.

The overall architecture of AG-BiLSTM is illustrated in Figure 1. The model comprises seven components:
an input module, a BILSTM module, a multi-head self-attention mechanism module [15], a residual connection
and layer normalization module, a feed-forward network module, a gated fusion module, and a multi-layer
MLP output module.

Figure 1: The overall architecture of AG-BiLSTM
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The BiLSTM [16] module addresses the challenge of capturing both past and future temporal dependencies
in Olympic performance sequences, which are inherently bidirectional. This module extracts bidirectional
temporal features from the Olympic sequence data.

For each time step 7, a standard LSTM unit computes the following gate and state updates:

i; = U(Wxixr + Wyh,_; + bi)
f‘r = G(wfo-[ + whth—l + bf)
0; = 0(WyoX; + Wyohe_; +b,)
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¢; = tanh (W,.x; + W,.h,_; + b,) (®)
. =f0c1+i;OC (9)
h, = 0, O tanh (c,) (10)

Here, x;denotes the input feature vector at time step t(e.g., normalized performance metrics such as athlete
counts, GDP, or historical medal shares for a given Olympic cycle); h,_,and c;_;are the previous hidden state
and cell state, respectively; W and b are learnable weight matrices and bias vectors for the input, forget, output,
and candidate gates; o(+)is the sigmoid activation function; (Orepresents element-wise multiplication; and
tanh (-)is the hyperbolic tangent function. These equations enable the LSTM to selectively remember or forget
information across time steps, mitigating vanishing gradient issues in long Olympic sequences.

The forward and backward hidden states are calculated as ET and ET. They are concatenated to obtain the
temporal representation:

h, = [Briil‘r] (11)

The complete BiILSTM output is H = {h4, h,, ..., hy}, where Tis the total number of Olympic cycles in the
sequence. This bidirectional representation enriches each time step with contextual information from both
preceding and succeeding cycles. This output His then passed directly to the Multi-Head Self-Attention
Module to dynamically select critical Olympic cycles that are most relevant for medal prediction.

2.2 Multi-Head Self-Attention Module

While BiLSTM captures temporal dependencies, not all Olympic cycles contribute equally to future medal
predictions (e.g., recent cycles or those with major policy shifts may be more informative). The attention
module assigns different weights to different time steps, enabling the model to focus on the most salient
historical patterns.

The BiLSTM output His first projected into Query, Key, and Value matrices:
Q = HW¢ K = HWX,V = HWV (12)

For h attention heads, the dimension of each head is d, = d;;,pqe1/h- For the i-th head, the attention score,
attention weight, and head output are:

(m) (g(mT
A = softmax (%) ym 13
the multi-head attention output is
H,, = Concat(A®W, ..., AUDYWO (14)

In these equations, W2, WX, WV, WP are learnable projection matrices; dyis the scaling factor to prevent
vanishing gradients in softmax; and Q;, K;, V;are the projections for the i-th head. This mechanism computes
similarity scores between time steps and produces a weighted aggregation of values, highlighting influential
Olympic cycles. The output of the multi-head attention, combined with the original BILSTM representation,
proceeds to the Residual Normalization and Feed-Forward Module for stabilized feature refinement.

2.3 Residual Normalization and Feed-Forward Module

Deep architectures can suffer from gradient issues or dimensional mismatches between sub-modules. Since
the BiLSTM output and attention output may have different dimensions, the BILSTM output is first projected.
The first residual connection and layer normalization are defined as:

H' = LayerNorm(H,,o; + Hyy) (15)
for a feature vector z, layer normalization is
LayerNorm(z) =y © \/% +p (16)
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where p and o are the mean and standard deviation computed across features, and y, fare learnable scale
and shift parameters.

The feed-forward network then performs nonlinear feature transformation, followed by a second residual
connection. The output H" is a stable temporal representation and is sent to the gated fusion module.
2.4 Gated Fusion Module

The gated fusion module learns feature-level importance weights. The final time-step representation is
selected as h7. The gate vector is computed by

g = o(W;hy +by) (17)
The gated representation is
z=gOhY (18)
Here, g acts as a soft gate that controls information flow, learned via sigmoid. This allows the model to
emphasize the most predictive aspects of Olympic history for each country. The gated representation z is
forwarded to the MLP Output Module for final medal prediction.
2.5 MLP Output Module and Overall Computational Pipeline
The MLP output module maps the gated representation to the three medal targets:
y =W, -ReLU(W,z+by) + b, (19)

where W), and b, are the weights and bias of the hidden layer, W, and b,, are those of the output layer, and
Yydenotes the predicted vector of gold, silver, and bronze medals.

The overall computational pipeline is:

Hpirstm = BiLSTM(X) (20)

Hye = MultiHeadAttention(Hgipstm) (21)
Hpes1 = LayerNorm(HgistmWg + Haet) (22)
Hpgesa = LayerNorm(Hgesy + FFN (Hges1)) (23)
hgate = Gate(Hges2) (24)

Y = MLP(hgqe) (25)

During training, the prediction is compared with the true medal vector by mean squared error:
1 o
L==2L 09—y II? (26)
where N is the number of samples, ¥; is the predicted medal vector (gold, silver, and bronze), and y; is the
corresponding ground-truth medal vector for the i-th country.

Here, the summation runs over gold, silver, and bronze medals. Through this pipeline, AG-BiLSTM
connects temporal modeling, critical time-step selection, adaptive feature weighting, and final medal
prediction in a single computable framework.

3. Experiments
This section evaluates the AG-BiLSTM model's performance on a dataset used for Olympic medal
prediction, demonstrating the model's reliability and robustness.
3.1 Experimental Data
3.1.1 Dataset Overview
The experiment uses data from 19 major Olympic-participating countries across 16 Olympic editions from

1964 to 2024. The dataset consists of medal records and influencing features, covering three medal types.
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Medal Data: Medal records were obtained from the official statistical reports of the International Olympic
Committee (I0C), ensuring reliability and authority. Due to political events, medal data for some countries in
1980 were missing; therefore, linear interpolation was used to estimate the missing values:

=V
y=y % (x—x,)
X, — X, 27)
where (x1,y;1) and (x,,y,) denote two known coordinate points on the straight line, x denotes the
independent variable of the point to be solved, and y denotes the corresponding dependent variable to be
calculated via linear interpolation.

This completed the 1980 medal records for the affected countries.

Influencing Features: The selected features include GDP, host status, number of events, and key players.
GDP refers to the sum of a country’s GDP over the four years preceding each Olympic year, normalized to the
range [0,1]. Host status is coded as 1 for the host country and 0 otherwise. Number of Events represents the
number of sporting events in which a country participates, while Key Player denotes the number of star athletes
in the country. These datas were obtained from the official statistical reports of the IOC and International
Monetary Fund(IMF).

The data samples adopted in this experiment are shown in Table 1:

Table 1: Data Samples

Year NOC Gold Silver Bronze Total GDP Host  Number of events  Key Player
2024  United States 40 44 42 126 1 0 329 14
2024  China 40 27 24 91 0.717487 0 329 16
2024  Japan 20 12 13 45 0.190809 0 329 9
2024  Australia 18 19 16 53 0.064974 0 329 7
2024  France 16 26 22 64 1 1 329 6
2024  Netherlands 15 7 12 34 0.04287 0 329 5
2024  Great Britain 14 22 29 65 0.128611 0 329 10

3.1.2 Dataset Splitting

Unlike traditional global temporal splitting, this study employs a country-level independent splitting
strategy. Data from each country is divided chronologically into a training set (80%), validation set (15%), and
test set (5%) in an 8:1.5:0.5 ratio, ensuring that each country contributes to the test set. The training, validation,
and test samples from all countries are subsequently merged, yielding a final training set of 520 samples, a
validation set of 98 samples, and a test set of 33 samples, covering all 19 countries [17].

3.2 Experimental Setup

All experiments were conducted under identical hardware and software environments. The hardware
configuration comprised an AMD Ryzen 9 8940HX CPU, 32 GB of RAM, and an NVIDIA RTX 5060 discrete
GPU. Experiments were executed on PyTorch 2.0, with Python 3.9 and CUDA 11.7 for GPU-accelerated
training.

3.3 Baseline Models and Evaluation Metrics

To evaluate the effectiveness of AG-BiLSTM, several representative medal prediction and time-series
forecasting models were selected as baselines. ARIMA is used as a traditional time-series benchmark for
modeling linear autoregressive and moving-average patterns. XGBoost provides strong nonlinear fitting and
feature mining capabilities and is widely used in prediction and regression tasks. LSTM captures long-term
temporal dependencies, while BILSTM further enhances temporal representation by learning dependencies in
both forward and backward directions. Transformer employs global attention to model long-range sequence
dependencies, and iTransformer improves multivariate time-series forecasting through enhanced feature
mapping and attention computation.

Model performance is evaluated from three perspectives: predictive accuracy, average error, and goodness
of fit. The adopted metrics are defined as follows.
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Root Mean Square Error (RMSE): RMSE measures the overall deviation between predicted and actual
medal counts, with smaller values indicating better predictive accuracy. The formula is:

RMSE =

(28)

where y; denotes the true value, ¥, denotes the predicted value and m denotes the number of samples.

3.4 Main Results

The prediction results of AG-BiLSTM are presented in the following tables. Table 2 reports the average
RMSE comparison for a subset of countries across all evaluated models. Among the 19 sample countries, 11
achieved higher predictive accuracy under the AG-BiLSTM model than under any other model. Table 3
presents the gold, silver, bronze, and average RMSE values for each model. The average RMSE for medal
prediction is lower than that of all other models: compared to the traditional ARIMA model, the improvement
is 51%, likely attributable to AG-BiLSTM's capacity to accept multi-feature inputs; compared to the machine
learning model XGBoost, the improvement is 12%, potentially due to AG-BiLSTM's integration of an attention
mechanism that enables the model to focus on critical time steps such as host country years; compared to the
deep learning models LSTM and BiLSTM, the improvements are 9% and 1%, respectively, possibly because
AG-BiLSTM augments the BILSTM backbone with a gated feature fusion module capable of automatically
selecting important features. It is further noteworthy that in gold medal prediction, the model substantially
outperforms all other models, with improvements of 52%, 23%, 11%,18%, 29%, and 10% over ARIMA,
LSTM, BiLSTM, Transformer, iTransformer, and XGBoost, respectively.

Table 2: Per-Country Average RMSE Comparison

Model Brazil Sweden Hungary Spain Norway Uzbekistan
AG-BiLSTM 1.64 1.95 1.70 2.05 1.83 2.49
ARIMA 1.77 2.06 15.06 343 3.14 3.07
LSTM 2.59 1.59 1.65 241 1.43 2.53
BiLSTM 1.87 1.55 1.67 2.54 1.27 3.50
Transformer 2.64 1.69 2.22 2.80 1.83 2.51
iTransformer 4.36 1.51 1.16 2.72 1.43 2.87
XGBoost 3.37 1.59 1.72 2.75 1.53 2.77
Table 3: RMSE Comparison by Medal Type Across Models
Model Gold RMSE Silver RMSE Bronze RMSE Average RMSE
AG-BiLSTM 3.75 3.61 3.87 3.74
ARIMA 7.87 7.54 7.45 7.62
LSTM 4.89 3.48 3.49 3.95
BiLSTM 4.23 3.52 3.62 3.79
Transformer 4.55 4.12 3.53 4.06
iTransformer 5.26 4.41 4.81 4.82
XGBoost 4.15 4.37 4.32 4.28

3.5 Visualization Analysis

To better illustrate which medal types are predicted most accurately by the model under small-sample
conditions and for which countries, the countries with the lowest RMSE values for gold, silver, and bronze
medal predictions are presented separately. As shown in the Figure 2, the model achieves the best performance
in gold medal prediction for Sweden and Italy; As shown in the Figure 3 for silver medal prediction, Brazil
yields the best results; and as shown in the Figure 4 for bronze medal prediction, Norway, Brazil, and Hungary
all demonstrate excellent predictive performance.
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Figure 2: The countries with the lowest RMSE values for Gold Medal
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Figure 3: The countries with the lowest RMSE values for Silver Medal
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Figure 4: The countries with the lowest RMSE values for Bronze Medal
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4. Conclusion

This study addresses key challenges in Olympic medal prediction, including capturing nonlinear temporal
dependencies, emphasizing critical features, and improving predictive accuracy for countries with limited data.
The AG-BiLSTM model significantly enhances both representational capacity and generalization performance
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under small-sample conditions. Extensive experimental results demonstrate that AG-BiLSTM outperforms
existing machine learning and deep learning models on core metrics, including RMSE.

While the model performs well, it has certain limitations. The dataset only includes 19 major countries, and
future research could extend this to include more countries and longer time periods. Additionally, the model
relies primarily on historical statistical features, excluding micro-level factors such as individual athlete
performance. Future work could integrate graph neural networks to model inter-country relationships and
multimodal data to further enhance predictive accuracy and robustness.
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